In this paper we study a non-linear diffusion process to reduce the influence of noise in the watershed segmentation of an image. Instead of the squared amplitude of the gradient that is traditionally used to drive the non-linear diffusion, we use the Teager energy, which is known to be less sensitive to noise. To evaluate the performance of the segmentation processes studied in this paper, we introduce an objective measure to assess the quality of a segmentation when the ground truth segmentation is known. With this objective performance measure we determine the optimal parameters of the Teager energy driven nonlinear diffusion process.
Teager Energy Driven Diffusion

A stack of images I(x,y,t), with I (x,y,0) the original image and t the scale parameter, is constructed using the diffusion equation:
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In the linear diffusion of Witkin [1] and Koenderink [2] the diffusion velocity is constant: c (x, y, t)=1. In the non-linear diffusion the diffusion velocity depends on a local activity that indicates the presence of an edge. Perona and Malik [3] used the (squared) amplitude of the gradient as activity image:
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The function g (.) is a soft threshold function:
Under the threshold T d , the function g(.) takes approximately the value c max; above the threshold T d , the function g(.) tends to 0. The parameter a determines the steepness of the function g(.) at the threshold. The larger this parameter a is, the steeper the function g(.) is, and the more crisp the threshold is. In Perona and Malik [3] the steepness parameter a is equal to 1.
In this paper we study two extensions of the non-linear diffusion process of Perona and Malik [3] . As a first extension, the optimal value for the steepness parameter a is searched for. It is expected that as in Alaya Cheikh et al [4] , values in the neighborhood of 1 will be found to be optimal.
As a second extension, we use the Teager energy E, instead of the squared gradient, as activity image:
The Teager energy E is an energy that better reflects the local activity than the amplitude of the gradient.
In each point (m,n) the one-dimensional Teager energy is calculated for all possible directions. The twodimensional Teager energy is the maximum of all these one-dimensional Teager energies. In the case of sampled images, only four possible directions remain: the horizontal, two diagonal and the vertical direction. The mask used for the horizontal direction is shown in Figure 1 . The one-dimensional Teager energy value for pixel (m,n) for one of these four directions is defined as:
with:
Remark that eq. (5) is just the definition of the one-dimensional Teager energy of [5] . Finally the twodimensional Teager E energy is defined as the maximum of these four one-dimensional Teager energies:
The definition of the Teager energy contains two parameters. The parameter α introduces a smoothening in the direction perpendicular to the direction in which the one-dimensional Teager energy is calculated. 
Performance Evaluation
To illustrate the noise removal ability of the non-linear diffusion process, the image at different scales is segmented with a watershed algorithm. We use a similar watershed algorithm as the one developed by Vincent and Soille [6] . Figure 2 shows the natural image "block" and its ground truth. The ground truth consists of 6 segments: the background, labeled "0", and five facets, labeled "1" to "5". Closely examining the image in Figure 2a reveals that especially the background contains some noise that can cause false edges, that the edge between segment "4" and "5" is so weak that it is in danger of being overlooked and that underneath segment "5" there is a shadow that may cause a false edge. All this makes the automated segmentation far from trivial.
Besides this original image two noise disturbed versions of it will be used in the final paper. Two kinds of noise are considered: additive Gaussian noise and impulsive noise (i.e. salt and pepper noise). The standard deviation of the additive Gaussian noise is 5% of the image range (i.e. 255*0.05). For the impulsive noise 1% of the pixels were randomly selected and substituted with a random value.
Since the ground truth segments are known for this image (see Figure 2b ), the quality of the segmentation obtained with an automated procedure can be assessed objectively. Lets call the ground truth segments S k , (k=0, 1, ..., 5) and the segments of which the quality has to be assessed F i (i=0, 1, ..., I). First, each segment F i is classified. If 90% of the pixels of F i lie inside S k , it is included in the list L k corresponding to the ground truth segment S k : F i ∈ L k . Otherwise, if fragment F i considerably overlaps with more than one ground truth segment S k , it is included in the list of unclassified segments: F i ∈ U. Then, of each list L k the largest segment F i , i.e. the one with the most pixels, is determined, call it M(L k ). The dissimilarity factor DF is then defined as: This dissimilarity factor DF associated with a segmentation F i is only 0, if for each segment F i the corresponding segment can be found in the ground truth segmentation. The dissimilarity factor DF increases: if there is an over segmentation (some lists L k contain lots of elements), if there is an under segmentation (a list L k is empty) or if there is a misalignment of the edges of M(L k ) and S k .
Optimal Values for the Thresholds Τ Τ d and T w
The threshold T d for the diffusion and the threshold T w for the watershed segmentation as well as the calculated activity values are normalized with the square of the image range, i.e. 255*255. In this paragraph the parameters for the Teager energy α and β are both set to 0.25 and the steepness parameter is set to a=1. Figure 3 shows the influence of the thresholds on the quality DF of the segmentation for the original image "block" as the scale increases.
The optimal parameters α α and β β for the Teager energy and the optimal value of the steepness parameter a will be derived in the full paper, and the results of the proposed scheme is illustrated on a more complex scene. 
